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Analysis of Productive Performance of Crop Production Systems: An Integrated 1 
Analytical Framework 2 
Abstract:  3 
This article presents a new two-stage analytical framework to analyse the productive 4 
efficiency of crop production systems. In the first stage, crop growth and economic 5 
production models are estimated to calculate three measures of productive efficiency: (1) 6 
agronomic efficiency, as the ratio of actual yield to potential yield; (2) technical efficiency 7 
(TE), as the ratio of actual yield to best practice yield; and (3) agro-economic efficiency 8 
(AgEcE), as the ratio of best practice yield to potential yield. In the second stage, TE and 9 
AgEcE are analysed in relation to economic, institutional, social and technological factors 10 
that cause farm and spatial heterogeneity. The framework was illustrated through an 11 
empirical analysis of rice production in Sri Lanka.  12 
Keywords: agronomic efficiency; crop models; economic production function; farm 13 
heterogeneity; spatial heterogeneity; yield gaps 14 
15 
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1.  Introduction 1 
Measuring the productive performance of crop production systems at the farm level and 2 
identifying factors that determine their performance are important in both agronomy and 3 
economics. Farm and spatial heterogeneity have significant impacts on farm efficiency; 4 
hence, it is necessary to take them into account. In agronomy, many crop models incorporate 5 
location-specific physical conditions to estimate crop growth and potential yields for 6 
particular crop types, as well as for combinations of many crops (Bouman et al., 1996). These 7 
crop models are often developed using field and experimental data, thus providing reliable 8 
estimates of plant growth and potential yields. In fact, these models are a useful tool when 9 
designing agricultural systems for the maximisation of production outputs (de Koeijer et al., 10 
1999; van Ittersum and Rabbinge, 1997). However, economic, institutional and social factors 11 
are not present in these models (de Koeijer et al., 1999), thus precluding their usefulness in 12 
socio-economic analysis. 13 
On the other hand, many economic production models have been developed to estimate 14 
productive efficiency and identify efficiency determinants (Battese and Coelli, 1995; Greene, 15 
2005). Empirical studies applying these models can provide meaningful information for 16 
farmers and policy makers to improve productive and economic performance. However, from 17 
an agronomic view point, these economic production models have several important 18 
drawbacks. Firstly, they fail to account for distinct impacts of differing inputs on the growth 19 
process of crops (Zhengfei et al., 2006). For example, fertilisers (or water) and labour (or 20 
machinery or pesticides) are considered to contribute to crop growth but fertilisers cannot be 21 
substituted by labour. Secondly, input-output relations are often based on historical data, 22 
which means that the latest technical development and biophysical insights are not 23 
incorporated (Chavas and Cox, 1995; de Koeijer et al., 1999).  24 
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The present article proposes a new approach that integrates the agronomic knowledge of crop 1 
production into socio-economic analysis of productive efficiency. A two-stage analytical 2 
framework is proposed. In the first stage, crop growth and economic production models are 3 
estimated to calculate potential and best practice output levels. The potential, best practice 4 
and actual output levels are used to derive technical efficiency (TE), agronomic efficiency 5 
(AgE) and agro-economic efficiency (AgEcE) measures. In the second stage, econometric 6 
techniques are used to analyse the determinants of variations in the scores of these efficiency 7 
measures.  8 
The article is structured as follows. Section 2 reviews the relevant literature in agronomy and 9 
production economics. Section 3 describes the proposed analytical framework and its 10 
advantages in comparison with those in the existing literature. Section 4 discusses several 11 
potential applications of the framework for policy and decision making analysis. Section 5 12 
provides an empirical study using a district-average dataset of rice production in Sri Lanka. 13 
Section 6 concludes the article. 14 
2. Literature review 15 
2.1. Production ecological concepts 16 
In agronomy, growth-defining, growth-limiting and growth-reducing factors are three groups 17 
of factors that determine the growth and output level of crops (van Ittersum and Rabbinge, 18 
1997). Growth-defining factors, at the optimal supply of all other factors, determine potential 19 
growth of crops. They include seed or plant characteristics and weather conditions such as 20 
temperature, solar radiation and atmospheric CO2 concentration. Growth-limiting factors 21 
comprise water and nutrients and in limited supply of either or both of these factors, a crop 22 
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cannot achieve its potential growth. Growth-reducing factors, such as weeds, pests, diseases 1 
and pollutants, further reduce or hinder crop growth.  2 
Also, three levels of outputs are distinguished: potential; attainable; and actual yields. The 3 
potential yield is determined by the growth-defining factors when the crop is optimally 4 
supplied with water and nutrients, and is completely protected against growth-reducing 5 
factors.1 The attainable yield, also named water-limited and nutrient-limited yield, is lower 6 
than the potential level because of sub-optimal supply of water and nutrients. The actual yield 7 
is determined by the actual supply of water and nutrients and the degree to which the crop is 8 
protected against growth-reducing factors (van Ittersum and Rabbinge, 1997). Crop models 9 
have been used to estimate potential yield at scales ranging from a specific field to a region or 10 
country (Lobell et al., 2009).2 Estimating crop growth in water-limiting or nutrient-limiting 11 
conditions can also be defined by the users of crop models.  12 
                                                 
1 Concepts of potential yields could be differentiated between rainfed and irrigated systems. 
For irrigated systems, potential yield (or yield potential) is commonly used term on the 
assumption that crop is often provided with adequate water supply throughout growth. For 
rainfed systems, water-limited potential yield could be a more precise term because most 
crops suffer water deficits at some point during the growing season (Lobell et al., 2009). For 
the sake of simplicity, the term potential yield is used throughout this article.  
2 In practice, potential yield can also be measured by using maximum yield from field trials, 
research experiments, or best yields from farmers’ fields. Conceptually, potential yield 
estimated by crop models sets an upper bound for these alternative potential yield measures 
(Lobell et al., 2009). Hence, the present article focuses on model-based potential yield. 
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Production ecological concepts, particularly crop models, have been useful for the 1 
biophysical analysis and design of crop production systems (van Ittersum et al., 2003; van 2 
Ittersum and Rabbinge, 1997). However, human behaviour, and other social and economic 3 
factors, are often neglected in these crop models (de Koeijer et al., 1999).  4 
2.2. Economic analysis of productive performance 5 
In measuring productive performance, economists generally quantify the relationship 6 
between inputs and outputs by estimating economic production functions. In a parametric 7 
framework, this empirical procedure starts with choosing a functional form (e.g., Cobb-8 
Douglass, quadratic, translog, etc.) and then estimating the values of parameters of the chosen 9 
function so that the estimated equation fits “well” a particular set of data. Nonparametric 10 
estimation (e.g., using data envelopment analysis- DEA- technique) is also popular. 11 
Economic input and output data are often used to estimate economic production functions, 12 
and then to calculate farms’ productive performance (Coelli et al., 2005). These studies have 13 
been useful in benchmarking the performance of an individual farm in relation to a sample of 14 
farms and identifying factors that determine variations in farms’ productive performance. The 15 
results of these efficiency studies help farm managers or owners and policy makers make 16 
more informed decisions. 17 
However, this traditional econometric approach has several drawbacks from the agronomic 18 
view point. Firstly, inputs such as water and fertilisers and other economic inputs (e.g.,  19 
labour and machinery) are assumed to have similar impacts on the growth process of crops in 20 
economic production models (Zhengfei et al., 2006). However, water cannot be substituted 21 
by fertilisers and fertilisers cannot be substituted by labour in terms of agronomy; hence, the 22 
economic production model should be modified to impose further constraints of limited input 23 
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substitutability. Secondly,  input-output relations are often based on historical data, which 1 
means that future technical developments in crop science and changes in climate conditions 2 
are not incorporated (Chavas and Cox, 1995; de Koeijer et al., 1999). Often productivity 3 
predictions are done using efficiency measures derived from economic production functions 4 
(Coelli et al., 2005); hence, failure to capture changes in crop science and climate conditions 5 
are undesirable.  6 
2.3. Links between production ecological concepts and economic production models 7 
Several studies have attempted to link agronomic concepts with economic production models. 8 
Studies on damage control distinguish the damage-reducing role of pesticides from other 9 
inputs in economic models (Archibald, 1988; Lichtenberg and Zilberman, 1986). However, 10 
the differences between inputs in crop production are much broader than damage-reducing 11 
versus productive considerations. Few studies integrate agronomic knowledge into economic 12 
production modelling, those by Zhengfeit et al. (2006) and de Koeijer et al. (1999) being 13 
exceptions.  14 
Zhengfeit et al. (2006) propose a conceptual framework that dichotomises economic inputs 15 
into growth and facilitating inputs. Growth inputs (e.g. seed, water, land, and nutrients) are 16 
directly involved in the biological process of crop growth whilst facilitating inputs (e.g. 17 
labour, capital, and pesticides) help create or alter growth conditions. The authors of this 18 
study acknowledge the presence of three different yield levels (potential, attainable and 19 
actual) but their model only distinguishes attainable and actual levels. The actual output is a 20 
product of a crop growth function (which relates the attainable yields with growth inputs) and 21 
a scaling function of facilitating inputs. The value of the scaling function is in the interval 22 
[0,1]. When the growth conditions are optimal, the scaling function equals 1, and output 23 
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reaches its maximum level. When growth inputs are not in optimal supply, ctual output is 1 
scaled down by the value of the scaling function. Zhengfeit et al. (2006) argue that their 2 
approach makes it possible to estimate crop growth functions using real farm data, thereby 3 
extending agronomic experiments into real-world agricultural production. In an empirical 4 
study of 323 potato farms in the Netherlands, this study estimated a translog crop growth 5 
equation and a quadratic form of the scaling function. The average value of the scaling 6 
function was estimated to be 94.7%, implying that ca. 5% of attainable yield has been lost. 7 
This study also linked this 5% yield loss to the concept of inefficiency used in the frontier 8 
production models.  9 
De Koeijer et al. (1999) propose a conceptual framework to analyse the productive efficiency 10 
of crop production systems. This study acknowledges the three yield levels (i.e., potential, 11 
attainable and actual) and use the potential yield in their “agro-economic” framework. The 12 
authors identify three other output levels: normative, best practice and average. The 13 
normative output level is determined by the operational objective of farmers (e.g. profit 14 
maximisation rather than output maximisation), structural restrictions (e.g. resource 15 
endowment and legislation), and variability in the agro-economic complex. The best practice 16 
output level is determined by the best performers, while the average output level refers to the 17 
average performance of farms. Important details on how the conceptual framework can be 18 
applied in empirical studies are not provided.  19 
3. An integrated analytical framework 20 
3.1. Efficiency, determinants of efficiency, farm and spatial heterogeneity  21 
Technical efficiency (TE) is a conventional measure of productive performance in economic 22 
analysis. TE refers to the contraction of physical inputs holding outputs constant (Farrell, 23 
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1957). Often, optimization problems need to be solved to calculate TE scores. Agronomic 1 
efficiency is mainly concerned with gaps between actual (or attainable) and potential output 2 
levels; hence, it is identical to the concept of yield gaps commonly used in agronomy (van 3 
Ittersum and Rabbinge, 1997). Interestingly, production economics and agronomy share a 4 
common interpretation of increases in efficiency: higher (or the same) output quantities can 5 
be achieved with less or cheaper inputs (de Koeijer et al., 1999). A potential to increase 6 
efficiency suggests that there is some degree of inefficiency. In empirical economic 7 
efficiency studies, calculating TE levels of individual farms are based on the production 8 
frontier: those farms that stay on the frontier are technically efficient, while farms staying 9 
below the frontier have some degree of inefficiency. In agronomic analysis, inefficiency is 10 
present if actual output levels are lower than potential levels.  11 
Analyses of determinants of efficiency (or inefficiency) are to provide meaningful 12 
information for farmers to improve their performance and for policy makers to know what 13 
policies to put in place to increase the overall efficiency of farms. However, farm and spatial 14 
heterogeneity in terms of physical, economic, institutional and social conditions, challenge 15 
the accuracy of efficiency estimates and the reliability of analysis of efficiency determinants 16 
(Sherlund et al., 2002). These factors are often neglected in agronomic analysis ; hence, it 17 
fails to provide useful policy implications (de Koeijer et al., 1999; Heady, 1957). On the 18 
other hand, the frontier production model does not consider biophysical factors of crop 19 
growth processes (de Koeijer et al., 1999; Greene, 2005).  20 
3.2. An analytical framework 21 
Figure 1 presents an overview of factors that influence the potential, best practice and actual 22 
output levels of crop production systems. For the sake of simplicity, following discussions 23 
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focus on one crop. For polyculture crop systems, the crop models may need modifications 1 
due to the complexity of biophysical interactions between crops. Hence, the extension of the 2 
proposed framework depends critically on these polyculture growth models. In practice, 3 
several models have been constructed in the literature for multiple crop systems (Jones et al., 4 
2003; Metherell et al., 1993). The analytical framework has two stages. In the first stage, 5 
technical, agronomic and agro-economic efficiency measures are estimated. In the second 6 
stage, the determinants of the agro-economic efficiency are quantified by using various 7 
econometric methods.  8 
Insert figure 1 9 
Production ecological theories suggest potential yield (YP, measured by kg per land unit, such 10 
as a hectare) is a function of the characteristics of seeds or plants (a vector S) and climatic 11 
conditions (a vector D): 12 
(1)  ),(FY 1P DS  13 
Note that, even when the same type of crop is grown, YP can vary across locations because of 14 
spatial heterogeneity in climatic factors (i.e. differences in the values of D across locations).3 15 
                                                 
3 Potential yields also depend on sowing dates and maturity ratings; hence, potential yields 
should be defined in relation to a specific planting date and cultivar or hybrid maturity, with 
the maximum yield considered to be the optimum combination of planting date and maturity 
for a given location. Alternatively, a sowing date in a given region and the most common 
varietal maturity used by farmers in this region can be set a priori, and the potential yield can 
be thereby defined for that planting date and maturity combination (Lobell et al., 2009).  
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Changes in seed or plant technologies (which cause changes in S) and climatic conditions 1 
(i.e. changes in D) can be incorporated when estimating YP (de Koeijer et al., 1999).  2 
Economic production modelling uses observed data of economic inputs and outputs to 3 
construct a frontier of production possibility. The term “frontier” reflects the fact that farms 4 
using the same quantities of economic inputs do not always produce the same quantities of 5 
outputs (i.e. some farms achieve higher yields than others) or farms producing the same 6 
quantities of outputs do not always use the same quantities of inputs (i.e. some use more 7 
inputs than others). Farms that stay on the production possibility frontier represent the best 8 
practice or technically efficient farms. Farms that are not on the frontier exhibit some degree 9 
of technical inefficiencies (i.e. being less efficient than the best practice farms). The technical 10 
inefficiency of a particular farm can be represented by a difference between the actual output 11 
and the best practice output. Based on this concept, the economic production function is 12 
defined as: 13 
(2)  u),(FY 2 X , where 14 
where a vector X include economic inputs and u refers to the technical inefficiency level. 15 
Note that X include growth-limiting factors such as nutrients and water, and purely economic 16 
inputs such as labour, capital and pesticide. In order to investigate the farms’ economic 17 
behaviours and the impacts of changes in input prices on farms’ productive performance, 18 
economic modelling is often concerned with inputs that have market prices. In reality, from 19 
the perspective of farmers, farms often pay for fertilisers and water in addition to other 20 
economic inputs, meaning that there is a certain degree of economic substitutability between 21 
these inputs.  22 
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Economists are also interested in understanding why efficiency varies across farms and over 1 
time. Often analysts hypothesise efficiency variations due to farm and spatial heterogeneity in 2 
terms of economic, institutional and social factors that are not directly modelled in the 3 
economic production function. Formally, u is defined as: 4 
(3)  )(Fu 3 Z  5 
where a vector Z include economic, institutional and social factors such as economic 6 
behaviour, farm size, age, knowledge, experience, management skills, and farming styles.. 7 
A traditional measure of TE can be written as: 8 
(4)  *Y
YTE  ,  9 
where Y is the actually observed output level and *Y is the best practice output level. Y* is 10 
estimated by (2) given the inefficiency term u is zero. TE taking a value between zero and 11 
one measures the output of a farm relative to the output that could be produced by a fully-12 
efficient farm using the same (economic) input quantities. A value of 0.8, for example, 13 
suggests that the farm can decrease the consumption of economic inputs by 20% without any 14 
decreases in economic output levels. 15 
Agronomic efficiency (AgE), defined as the ratio of actual to potential output levels, can be 16 
decomposed: 17 
(5)  AgEcETE
Y
Y×
Y
Y=
Y
YAgE
P
*
*
P
 ,  18 
Note that the value of AgE is also bounded between 0 and 1; hence an additional constraint 19 
(i.e. YP≥Y*) can be imposed in estimating (2). Decomposition in (5) identifies two sources of 20 
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efficiency (i.e. TE and AgEcE) and this means that any factors that affect TE or AgEcE will 1 
influence AgE.  2 
The second stage of the framework is to identify determinants of AgEcE. Intuitively, any 3 
factors that drive changes in Y* or YP can cause changes in AgEcE. Institutional, social and 4 
economic factors that drive changes in the genetic development of crops and location-specific 5 
climatic conditions affect YP, and these factors need to be incorporated. Examples of those 6 
factors are research and development, technological and capacity diffusion in crop and crop 7 
protection sciences, and environmental management. An increase (or decrease) in Y* refers to 8 
an upward (or downward) shift in the best practice production frontier, which in the 9 
efficiency literature, is commonly referred to as technological change (TC). Hence, 10 
researchers can investigate the relevant factors by considering empirical studies in the 11 
literature. Bravo-Uretav et al. (2007) provide a comprehensive list of these empirical studies. 12 
Formally, AgEcE is econometrically analysed against these economic, institutional, social 13 
and technological factors contained in a vector C: 14 
(6)  )(F
Y
YAgEcE 4
P
*
C  15 
In a special situation where YP is fixed, Y* is the only cause of changes in AgEcE; therefore, 16 
factors in C can be interpreted as determinants of technological change. In a general context, 17 
this analysis provides policy makers with useful information regarding how policies should 18 
be designed to bridge gaps between best practice and potential output levels. Note that 19 
vectors Z and C in equation (3) and (6) can have several common variables (i.e. market 20 
conditions, financial or institutional environments, etc.) that have impacts on both technical 21 
efficiency and agro-economic efficiency.  22 
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3.3.  The advantages of the proposed framework 1 
The framework proposed above has several advantages. Firstly, this framework can provide 2 
“forward-looking” measures of productive efficiency. Farm data are historical because they 3 
reflect the actual farms’ performance in response to market and weather conditions (de 4 
Koeijer et al., 1999). A conventional approach to measuring farms’ performance is based 5 
purely on historical data; hence, efficiency measures may be “backward-looking”. On the 6 
other hand, crop models are “forward-looking” in two ways: (1) the impacts of climate 7 
change on crop production can be easily simulated in crop models; and (2) innovations in 8 
crop science can be incorporated in crop models. Therefore, the use of appropriate crop 9 
models in quantifying potential yields and its related AgEcE in the proposed framework are 10 
more “forward-looking”.  11 
Secondly, unlike other existing studies, location-specific climatic conditions are captured in 12 
crop models but not in economic production models. Conventionally, climatic conditions are 13 
modelled in economic production models in a way similar to other economic inputs such as 14 
labour, capital, and pesticides (Sherlund et al., 2002; Zhang and Carter, 1997). As 15 
documented in the agronomic literature, the roles of climatic conditions in the ecological 16 
growth processes of crops are distinguished from those of other economic inputs. Failure to 17 
take into consideration this important difference renders the conventional approach of 18 
modelling economic production functions undesirable.  19 
The third important advantage is related to seed qualities and varieties. Since seed qualities 20 
and varieties are the core determinants of potential and actual yields, changes in seed 21 
qualities and varieties greatly affect farms’ performance. The impacts of seed improvement 22 
on crop growth are very different from the impacts of other inputs (i.e. waters, fertilisers, 23 
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pesticides, machinery or labour). Improvements in seed can not only increase yield, but can 1 
also result in lower consumption of other inputs. In addition, the driving force for seed 2 
innovations has evolved mainly from yield enhancement into multiple objectives (i.e. yield 3 
enhancement, less input consumption and less pollution) (de Koeijer et al., 1999). Therefore, 4 
it is not reasonable to consider seeds similar to other inputs, as is commonly done in existing 5 
economic production models (Kaneda, 1982). However, seed improvements and innovations 6 
are handled differently in the proposed framework. All changes in seed qualities and varieties 7 
are taken into account by crop models, while other inputs are included in a separate economic 8 
production model.  9 
4. An empirical illustration 10 
Sri Lanka is an island in the India Ocean with an area of 65,600 km2 and a population of 20.9 11 
million. Agricultural production contributes 11.9% to national gross domestic production and 12 
employs 32.9% of the entire workforce (Central Bank of Sri Lanka, 2011). Rice is the most 13 
important staple crop, with production occupying nearly 12% of arable lands. Around 1.5 14 
million families are involved in rice production and contribute 13% into the total value of 15 
agricultural production. Total rice output has increased from 3.3 million tons in 2005 to 4.3 16 
million tons in 2010. The annual paddy cultivation has risen from 0.94 million hectares to 1.1 17 
million hectares during the same period. The national average rice yield has increased from 18 
3.8 t/ha in 2005 to 4.5 t/ha in 2010.  19 
Rice is grown in two seasons- Maha and Yala- which are distinct in terms of weather 20 
conditions. In general, across the country there are more rains during Maha than Yala; hence, 21 
rain water received during the Maha season is often stored in tanks or damps so that it can be 22 
used during the Yala season. Due to this practice, more land is used  for rice cultivation 23 
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during the Maha season, while better irrigated land is mainly used during Yala season. 1 
Almost 65% of the country’s annual rice outputs are produced in the Maha season. Irrigation 2 
has become more popular in relation to rainfed cultivation. As of 2010, major and minor 3 
irrigation covered 72% of the total rice growing area. Gaps between actual and potential 4 
yields vary significantly with respect to seasons, cultivation methods and areas; hence, 5 
investigations of the determinants of these variations are of interest to both researchers and 6 
policy makers. However, data on rice production in Sri Lanka is not rich but aggregate data is 7 
freely available to researchers.  8 
4.1. Data description 9 
The Department of Agriculture (DOA) in Sri Lanka has conducted farm surveys in selected 10 
districts to collect information about the cost of rice production, but original data were not 11 
publicly available. However, DOA has published district-average data biannually in various 12 
editions of “Cost of Cultivation of Agricultural Crops”. In this study, published data for eight 13 
districts ranging from 2005 to 2010 were used.4 The district-average dataset contained actual 14 
yield (i.e. an output) and four economic inputs (seed, fertilisers, total labour, and other costs 15 
of production). Total labour was the sum of family labour and hired labour. Other costs were 16 
the total of chemicals and machinery costs. A ratio of family labour to total labour was used 17 
as a determinant of TE in (3). A location dummy variable was used to capture any other 18 
                                                 
4 Data used is neither of district nor of farm levels. Each data point represents the average 
values of many farms in each district surveyed. Hence, they are named district-average data. 
For example, 50 farms in Ampara were surveyed in Yala season in 2005 and district-average 
cost of cultivation data were calculated. Data is available on an e-mail request. 
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differences in terms of socio-economic and farming practices between the major and minor 1 
rice growing regions.5  2 
Five variables were used as proxies for the determinants of AgEcE (i.e. vector C in (6)): the 3 
level of fertiliser subsidy, the availability of irrigation facilities, the importance of paddy rice 4 
production in an overall agricultural sector, the significance of the agricultural sector in 5 
districts’ economy, and the location dummy. A fertiliser subsidy has been one of the most 6 
important sources of support from the government and has significant impacts on rice 7 
production (Ekanayake, 2006; Rajapaksa and Karunagoda, 2009). Similarly, the availability 8 
of irrigation facilities was included to account for another source of government investment 9 
in rice production. The importance of agricultural production in the local economy was used 10 
to control for other effects related to the different status of economic development in districts. 11 
The source of data was from various publications by Central Bank of Sri Lanka (2011). 12 
Table 1: Descriptive statistics of data 13 
Variable Units Maha Season Yala Season Mean St. Dev. Mean St. Dev. 
Actual yield (Y) kg/ac 1,809 511 1,811 496 
Potential yield (YP) kg/ac 3,060 350 3,020 300 
Total consumption of fertilisers (N, P 
& K) (x1)  
kg/ac  160 37 162 34 
Total seed (x2) kg/ac 53 18 52 16 
Total labour (x3) 
Man 
hours 29 10 31 10 
Costs of machinery and chemicals (x4) Rupees 10,435 3,053 10,200 2,948 
Ratio of family labour to total labour 
(z1) 
% 60 11 58 11 
Location dummy (1 if major rice  % 63  63  
                                                 
5 Major rice growing districts are Ampara, Anuradapura, Hambantota, Kurunagala and 
Polonnaruwa. Minor rice growing districts are Gampaha, Kalutara and Kandy.  
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growing districts and 0 otherwise) 
(z2≡c1) 
Paddy land under irrigation (c2) % 69 30 73 31 
Ratio of paddy land of total 
agricultural land (c3) 
% 12 4 8 5 
Total governmental subsidy for 
fertilisers (c4) 
Rupees/ha 733 675 498 559 
Ratio of agricultural output to total 
economic output (c5) 
% 17 9 19 11 
No. of observations 40 (five years, eight districts) 
48 (six years, 
eight districts) 
4.2. Estimation of potential yields 1 
Crop models require data on seed varieties and weather conditions, and on cultivation 2 
practices to estimate potential yields. Farm-level and district-level data on these variables are 3 
not available in this study. However, Sri Lanka’s Rice Research and Development Institute 4 
(RRDI) has released data on the potential yields of major rice varieties, which have been 5 
grown across the country. Note that these potential yields were estimated as highest yields 6 
recorded from field experiments (Department of Agriculture, 2012). Field trials often utilize 7 
crop management practices which are designed to reduce the impacts of growth-limiting and 8 
growth-reducing factors. Measuring yield potentials by highest yields from field trials are 9 
also often used in the literature (Lobell et al., 2009). To utilize these data, the potential yield 10 
YPijt for the district-average data in a district i, season j and year t was calculated:  11 
(7) 

 N
a
a
ijt
a
ijtijt PY
1
P )(Y  12 
where aijtPY  refers to the potential yield of variety a and 
a
ijt percentage of the use of variety. 13 
4.3. Specification and estimation of economic production models  14 
Both DEA and SFA techniques were used to estimate TE and determinants of variations in 15 
TE in (2) – (4). As a nonparametric technique, DEA can estimate production possibility 16 
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frontiers without specifying function forms and distributions of inefficiency terms, but 1 
estimated efficiency scores may contain data noises. As a parametric technique, SFA can 2 
remove data noises, but needs to specify functional forms and the distribution of inefficiency 3 
terms. Cobb-Douglas and translog are two functional forms commonly used to estimate the 4 
frontiers of agricultural production (Coelli et al., 2005; Sauer, 2006).6 Write (2) using 5 
translog and Cobb-Douglas specifications respectively: 6 
(8)  ntnt
1i
intint v+u+lnxα+αlnY ∑
4
0

   (Cobb-Douglas) 7 
(9) ∑∑∑
4 44
0 v+ulnxlnxβ0.5+lnxα+αlnY
1i j=1
ntntjntintij
1i
intint

  (translog) 8 
where vector X contains four economic inputs (as defined in Table 1) and ntv  refer to 9 
random errors with zero mean, )σ,0( vN , independently distributed of the non-negative 10 
random inefficient term. Note that water is not present in these two specifications due to 11 
unavailability of data. The characteristics of seed varieties were assumed to be captured in the 12 
calculation of potential yields. The quantity of seed and fertilisers were included because the 13 
district-average farms were assumed to make choices of how much of these inputs should be 14 
used in addition to other inputs (i.e. chemical, machinery and labour) to reduce the total costs 15 
of production.  16 
Following (3), the inefficient term is: 17 
                                                 
6 In theory, translog specification is preferred to Cobb-Douglas specification because the 
former is second-order flexible. Econometrically, a chi-square test can be used to identify a 
preferred form after estimations, as shown in Appendix 1.  
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(10)  nt
1i
intint wzγ+γu ∑
2
0 

 1 
where vector Z contains two explanatory variables (i.e. the ratio of family labour to total 2 
labour (z1) and location dummy defined in Table 1) and wnt is defined by the truncation of the 3 
normal distribution with zero mean and variance, 2wσ , such that wnt ≥-zntδw. In SFA, two 4 
pairs of equations (8) and (10) or (9) and (10) were estimated simultaneously using Frontier 5 
4.0 (Coelli, 1996b). In DEA, efficiency scores were estimated in DEAP (Coelli, 1996a) and 6 
then these scores were regressed according to (10) using a simple linear regression model. 7 
AgE was calculated as the ratio of actual yield to potential yield. Three sets of TE scores 8 
were estimated- one from an input-orientated DEA and two from Cobb-Douglas and translog 9 
specifications. AgEcE was derived as a ratio of AgE to TE and the values of AgEcE were 10 
regressed on five variables (c1-c5 defined in Table 1) as in equation (3).  11 
4.4. Efficiency results 12 
Distinct weather conditions between Maha and Yala seasons greatly affect the decisions 13 
made by farmers in terms of what types of seed varieties were grown and the consumption of 14 
other inputs as well as the levels of fertiliser subsidy allocated to paddy farms. Hence, two 15 
sets of potential yields and economic production models were estimated separately for two 16 
seasons.  17 
As shown in Table 2, differences in the means and variances of three efficiency measures 18 
between two seasons were minor. However, differences in TE and AgEcE between DEA, 19 
Cobb-Douglas and translog specifications were significant at the common 5% level of 20 
significant (LOS) using t-tests. TE scores estimated from DEA were higher than translog’s 21 
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TE scores, which were greater than Cobb-Douglas’s TE scores. Differences in these estimates 1 
can be due to potential noises and aggregation problems that are likely present in the data. 2 
Interpreting efficiency scores is straightforward. For example, in Maha season AgE=0.596 3 
means that on average actual yields of eight districts was only 59.6% of potential yield. 4 
TE=0.823 means that district-average farms should be able to reduce the consumptions of 5 
four economic inputs by 17.7% without any output reductions. AgEcE represents a gap 6 
between potential yield and best practice yield. For example, AgEcE=0.732 suggests that 7 
“best-practice” (or technically efficient) farms can increase their output to the potential output 8 
by 26.8% if the rice crop is provided with optimal conditions. 9 
Table 2: Estimated efficiency measures 10 
Efficiency measures Maha Season Yala Season Mean St. Dev. Mean St. Dev. 
Agronomic Efficiency (AgE) 0.596 0.177 0.605 0.178 
Technical Efficiency (TE) (translog) 0.823 0.107 0.850 0.114 
Agro-Economic Efficiency (AgEcE) (translog) 0.732 0.219 0.726 0.239 
TE (Cobb-Douglas) 0.802 0.077 0.801 0.129 
AgEcE (Cobb-Douglas) 0.744 0.212 0.775 0.261 
TE (input-orientated DEA) 0.914 0.105 0.912 0.108 
AgEcE (input-orientated DEA) 0.645 0.146 0.655 0.143 
4.5. Determinants of technical efficiency 11 
Tables 3 and 4 present estimates of equation (10) using DEA, Cobb-Douglas and translog 12 
specifications for two seasons. Negative coefficients of the location dummy variable in all the 13 
three specifications suggested that TE scores, on average, were higher in major rice growing 14 
districts than in minor rice growing districts. As shown in Table 3, the ratio of family labour 15 
to total labour was positively correlated with inefficiencies in Yala season, which suggests 16 
that the more family labour the farm uses the less efficient they are. However, this 17 
relationship was negative in Maha season (in table 4). Theoretically, one can put forward 18 
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justifications to support either a positive or a negative relationship.7 For example, in 1 
developing countries like Sri Lanka farmers facing budget constraints tend to hire labour who 2 
have more skills or experience; hence the greater presence of skilled labour helps achieve 3 
greater efficiency. One can also argue that farms which use more family labour may have 4 
more commitment to farming business; therefore they will be more productive, in order to 5 
sustain the main source of income for the entire family. Nevertheless, it is not easy to arrive 6 
at valid conclusions without further investigations into the labour markets and the 7 
relationship between decisions of hiring labour and the practice of farm management.  8 
Table 3: Determinants of technical efficiency for Maha season 9 
Variables Translog
* Cobb-Douglas* DEA* 
Coef. t-stat Coef. t-stat Coef. t-stat 
Constant 0.42 3.33** 0.44 0.02 -0.97 -12.52** 
Location  -0.25 -4.06** -0.21 -3.73** -0.13 -4.69** 
Ratio of family labour to total labour -0.12 -0.64 -0.14 -1.05 0.22 1.94*** 
*: the dependent variable are inefficiencies levels 
**and***: significant at the 1% and 10% LOS respectively 
Table 4: Determinants of technical efficiency for Yala season 10 
Variables Translog
* Cobb-Douglas* DEA* 
Coef. t-stat Coef. t-stat Coef. t-stat 
Constant 0.49 2.33** 0.80 4.31** -0.69 -10.2***
Location  -0.32 -5.06** -0.34 -5.21** -0.18 -7.71***
Ratio of family labour to total labour -0.26 -0.77 -0.62 -2.19 -0.19 -1.83** 
*: the dependent variable are inefficiencies levels 
** and ***: significant at the 1% and 10% LOS respectively 
                                                 
7 This conflicting result can also be attributed to the problems of data or econometric 
estimations (e.g. misspecification of models or under-parameterisation), which is beyond the 
scope of the present article. 
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4.6. Determinants of agro-economic efficiency 1 
Table 5 presents the estimates of equation 6 on the relationships between AgEcE and the five 2 
variables of which data were available using the entire dataset including both Maha and Yala 3 
seasons.8 Significant positive coefficient values of the location dummy variable in all three 4 
econometric specifications suggest that AgEcE was higher in major than in minor rice 5 
growing districts, implying that the gaps between best practice and potential yields were 6 
greater in minor than in major growing districts. The differences in these yield gaps were 7 
estimated to be 29.6% in the translog specification (and 32.8% and 24.2% in the Cobb-8 
Douglas and DEA specifications respectively). 9 
Note that this empirical study reported positive correlations between location dummy with 10 
both technical and agro-economic efficiency scores. There are many possible reasons for 11 
these observations. The major rice growing districts might have better infrastructure, more 12 
skilled agricultural workers and technicians, more number of commercial rice farms, better 13 
access to financial services than the minor rice growing districts. These infrastructure 14 
variables can help farms in the major rice growing districts be more efficient. While it would 15 
be of interest to investigate these issues, the dataset used in this study did not contain such 16 
information.  17 
Table 5 reports a positive relationship between AgEcE and the percentage of irrigated paddy 18 
land in the total of agricultural land, implying that AgEeE was higher in those areas with 19 
                                                 
8 Models were run separately for Maha and Yala seasons and the results were similar to the 
results reported in Table 5. Full details can be provided on an e-mail request. 
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more irrigation land. This finding favours a policy approach of increasing investment in 1 
irrigation systems or improving the use of irrigation systems in Sri Lanka.  2 
The level of fertiliser support (Rupees/ha) was found to have a negative relationship with 3 
AgEcE. While it is not of high confidence to draw any policy implications from this negative 4 
relationship (because the t-test was not statistically significant), it is important to question the 5 
effectiveness of the fertiliser subsidy programs of the Sri Lanka’s government though. 6 
However, the present article urges for more investigations into this issue. 7 
Table 5: Determinants of agroeconomic efficiency  8 
Variables Translog Cobb-Douglas DEA Coef. t-stat Coef. t-stat Coef. t-stat 
Constant 0.433 7.82* 0.476 8.16* 0.5153 14.66* 
Location dummy  0.296 4.81* 0.328 5.05* 0.2423 6.19* 
Fertiliser subsidy -0.010 -0.05 -0.118 -0.55 -0.1225 -0.95 
Paddy land under irrigation 0.002 1.92** 0.003 2.18* 0.0004 0.60 
Ratio of paddy land of total 
agricultural land 0.003 0.63 -0.001 -0.27 -0.0003 -0.12 
Ratio of agricultural output to 
total economic output -0.004 -1.47 -0.005 -1.75 -0.0022 -1.24 
* and **: significant at the 1% and 10% LOS respectively 
5. Discussions 9 
The above empirical study showed an application of the framework in analysing district-level 10 
data to provide useful policy implications. Information about potential yields was freely 11 
available to the author and running crop models was not necessary. Given availability of 12 
secondary data, this type of empirical application does not require high costs and technical 13 
skills (particularly those skills related to crop modelling). It is also possible to apply the 14 
framework to more aggregated data, such as national or regional data which are readily 15 
available in national and international statistics. Identifying drivers of efficiency variations 16 
give local policy makers insight in of how to improve efficiency in their locations. For 17 
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example, one can argue that high financial costs may prohibit farmers from using efficiency-1 
enhancing equipment. If this hypothesis is statistically tested and found to be true, then local 2 
governments should work with financial sectors to increase the funds available to farmers. 3 
Similarly, one is able to test if government support programs (e.g. training provided by 4 
scientists to farmers in developing countries) are positively related to efficiency. Reliable 5 
answers to this question will provide evidence for a local government to continue such 6 
support programs. However, one should be willing to accept a trade-off between low-cost 7 
advantages with reduced accuracy because the use of currently available potential yield 8 
estimates might have caused additional data error issues.  9 
Generally, the empirical application of the framework to farm or field analysis depends on 10 
the availability of data. Empirical studies can be multidimensional in terms of locations, 11 
crops, seed varieties, as well as the combination of these. One can analyse efficiency in the 12 
production of a particular crop (e.g. rice) across farms located in different locations (counties, 13 
provinces, states, countries or regions). Analysts can investigate efficiency variations across 14 
farming systems in different locations that grow different types of crops.  15 
Similarly, one can also examine the efficiency of cultivating many varieties of one particular 16 
crop across farming systems and locations. For example, Jin et al. (2002) reported significant 17 
differences in AgE across three crops (rice, wheat and maize) in China. One can use the 18 
framework to investigate if variations in AgE are due to variations in TE or AgEcE. If AgEcE 19 
variations are more significant than TE variations decision makers should be informed of 20 
what can be done to increase AgEcE. The proposed framework can be applied to shed light 21 
on these issues. Similarly, there were more than 390 major rice varieties used across China in 22 
1995 (Jin et al., 2002). Given the many varieties of rice, farmers have more choices about 23 
seeds, but it may not be easy for farmers to choose the variety that best suits weather and soil 24 
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conditions. Iff the diffusion of seed science is effective, farmers should use varieties that 1 
produce high yields. Another type of empirical studies that benchmark productive 2 
performance across seed varieties could shed light on this issue and give useful information 3 
for policy makers to promote technological diffusion. This topic is closely related to the 4 
impacts of technological spillover, and of research and development on agricultural 5 
efficiency and productivity, which needs more empirical research (Hoang and Coelli, 2011).  6 
6. Conclusion  7 
This article has proposed a new analytical framework to examine  productive efficiency in 8 
crop production systems. In this framework the economic, institutional, physical, social and 9 
technological factors of farm and spatial heterogeneity are all used.The innovative of this 10 
framework is the integration of agronomic knowledge into economic production frontier 11 
analysis. The framework has two stages. In the first stage crop growth and economic 12 
production models are used to estimate potential and best practice output levels. In relation to 13 
actually observed output level, three productive efficiency measures are defined: AgE; TE; 14 
and AgEcE. In the second stage, variations in TE and AgEcE are analysed econometrically 15 
against a set of farm-specific and location-specific economic, institutional, social and 16 
technological factors.  17 
Using this framework, knowledge and innovations in agronomy and efficiency literature can 18 
be integrated to provide more useful information to farmers and policy makers. In static 19 
analysis, improvements in TE and AgEcE are two general sources of output expansion and 20 
the determinants of these improvements can be identified systematically. Hence, not only can 21 
farmers learn more about their farm’s performance relative to other farms, but can also learn 22 
about ways to improve their own farm. Similarly, policy makers can identify components of 23 
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good policies to improve the productive performance of all farms. In a more dynamic 1 
analysis, climate change and innovations in crop science can be incorporated into this 2 
framework; hence, efficiency measures can be “forward-looking”. 3 
This article applied the framework to investigate the efficiency of rice production using 4 
district-average farm data of eight districts in Sri Lanka. This empirical study yielded several 5 
important findings. Firstly, actual yields, on average, achieved only 60% of potential yields, 6 
leaving a 40% yield gap. This 40% yield gap was decomposed into technical inefficiency 7 
(approximately 18%) and agro-economic inefficiency (approximately 22%). This 8 
decomposition represents two general ways of improvement in crop productivity: improve 9 
TE and improve AgEcE. In terms of TE improvement, farms could reduce the consumption 10 
of costly inputs such as seed, fertilisers, labour, chemicals and machinery without any 11 
reductions in yield. This type of improvement will not increase costs of production. In terms 12 
of AgEcE, even all farms became technically efficient their yields were only 78% of the 13 
potential yields. In theory it is possible to bridge gaps between best practice and potential 14 
yields by providing optimal conditions for crop growth. In reality, however, it might not be 15 
economically optimal for farms to bridge these gaps because the cost of marginal increments 16 
in yield might exceed the marginal gain (i.e. revenues generated from incremental yields) 17 
(Pingali, 1999). Given existing technologies and market conditions, marginal cost might be 18 
high because of high costs of economic inputs such as fertilizer, fuel, and water and high 19 
opportunity costs that farmers incur due to extra time involved in implementing additional 20 
management and supervision tasks. Nevertheless policy interventions that reduce marginal 21 
costs (e.g. providing effective trainings to farmers) can encourage farms to maximise yields.  22 
Secondly, farms were more efficient (in terms of TE and AgEcE) in major than in minor rice 23 
growing areas. Further investigations into why differences exist could provide useful 24 
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information for farm managers and policy makers. Thirdly, the availability of irrigation was 1 
found to be an important determinant of efficiency variations across districts and this finding 2 
favour those policies that enhance investment or efficient use of existing irrigation facilities.  3 
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Figure 1: Factors that affect technical, agro-economic and agronomic efficiency of crop production system 3 
4 
Actual - Y 
Best practice - Y* 
Potential - YP 
Climatic conditions (D) and other physical factors such as soil characteristics, 
biotic resources and pollutants.
Socio-economic environment (c): market conditions, farmers’ association, 
governmental support programs, access to and costs of finance, infrastructure, 
research and development expenditures, institutional factors, policy certainty, etc. 
Farm-specific factors (z): economic behaviour, farm size, age, knowledge, 
experience, management skills, farming styles, risk aversion, etc. 
Seeds (s) and climatic 
conditions (D) 
Inputs Factors determining efficiency variation Output levels 
Agro-economic 
Inefficiency 
Inefficiency  
Measures 
Technical 
Inefficiency 
Fertilisers, water, 
labour, capital, and 
pesticides (x) 
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Appendix A: Chi-squared test (HO: Cobb-Douglas is preferred to translog using 0.5% level of significance) 1 
  
Log likelihood function Test  
statistics
Degrees of 
freedom 
Chi-squared  
critical values 
Test 
results Cobb-Douglas Translog
Maha season 43.37 52.62 18.50 4 14.86 Reject 
Yala season 53.95 68.02 28.15 4 14.86 Reject 
 2 
 3 
